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Abstract Soil organic matter (SOM) is a critical ecosystem variable regulated by interacting physical,
chemical, and biological processes. Collaborative efforts to integrate perspectives, data, and models from
interdisciplinary research and observation networks can signiﬁcantly advance predictive understanding of
SOM. We outline how integrating three networks—the Long‐Term Ecological Research with a focus on
ecological dynamics, the Critical Zone Observatories with strengths in landscape/geologic context, and the
National Ecological Observatory Network with standardized multiscale measurements—can advance SOM
knowledge. This integration requires improved data dissemination and sharing, coordinated data collection
activities, and enhanced collaboration between empiricists and modelers within and across networks.
1. Introduction
Understanding and predicting soil organic matter (SOM) dynamics is an inherently complex, interdisciplin-
ary challenge with broad societal relevance (Campbell & Paustian, 2015; Davidson & Janssens, 2006; Harden
et al., 2018; Jackson et al., 2017). SOM contains the largest actively cycling terrestrial carbon (C) pool and
plays a key role in global‐to‐local biogeochemical and water cycling by inﬂuencing soil fertility, nutrient
availability, water holding capacity, and inﬁltration rates (Lal, 2016). These ecosystem services are essential
in managed systems, for the production of food, ﬁber, and fuel and in natural systems for providing habitat
and mediating ecosystem productivity and resiliency (Adhikari & Hartemink, 2016). The formation and
decomposition of SOM are driven by a number of interacting physical, chemical, and biological mechanisms
occurring across a range of spatiotemporal scales (Lehmann & Kleber, 2015; O'Rourke et al., 2015; Schmidt
et al., 2011). Despite recent conceptual advances, signiﬁcant uncertainties remain regarding the magnitude
and spatial distribution of SOM stocks, their inherent stability, and the cascading effects on ecosystem and
critical zone processes. Thus, our fundamental understanding of the ecological and physicochemical con-
trols on the capacity of Earth's soils to store organic C, now and in the future, remains incomplete.
An improved grasp on SOM dynamics and their response to natural and anthropogenic perturbations inher-
ently depends on synthesis of perspectives and models from distinct yet overlapping research communities
and disciplines. Recently, Harden et al. (2018) articulated a vision to advance SOM science by identifying key
data sets needed to advance understanding of soil C (de)stabilization mechanisms, disseminating and shar-
ing those datasets across disciplines and communities, and developing modeling platforms to link data and
models across scales. Further, Hinckley et al. (2016) and Baatz et al. (2018) argued that synthesis of data and
models from complimentary, long‐term environmental research and observation networks (hereafter, “net-
works”) can greatly enhance conceptual and numerical modeling of Earth system dynamics. Building on
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these efforts, we assert that networks can play a unique and important role in catalyzing breakthroughs in
understanding and predicting SOM and its response to environmental change. No single network can
provide the diversity of disciplinary perspectives and gradients, nor the necessary data in adequate
spatiotemporal detail, required to calibrate mechanistically accurate soil biogeochemical models, assess
their output, and develop improved process representations. However, when viewed as a consortium of
complementary networks, the U.S.‐based Long‐Term Ecological Research (LTER) network, the Critical
Zone Observatory (CZO) network, and the National Ecological Observatory Network (NEON) provide a
suite of powerful and synergistic observational platforms that can contribute substantially to SOM science.
A compelling aspect of these networks that underscores their collective potential is that each emerged in
response to community needs in a set of complementary intellectual heritages. LTER grew out of the ecosys-
tem ecology tradition and the need for long‐term studies across a diverse range of Earth's biomes. The CZO
network arose from a community of geologists, geomorphologists, soil scientists, and hydrologists who
sought to advance mechanistic understanding of how the Critical Zone evolves and functions in response
to forcings from above (e.g., vegetation and climate) and below (e.g., tectonics). Meanwhile, NEON grew
out of the desire for a standardized suite of ecological observations that could support continental‐scale eco-
logical forecasting. From these vantage points, SOM represents an emergent Earth system property that
links these networks together, intersecting core cross‐network interests, data, and activities (Figure 1). As
soils sit at the interface of the biosphere and lithosphere, reciprocal network strengths in biological and
geoscience disciplines (Richter et al., 2018), combined with data collection across scales and wide gradients
in controlling factors, can produce transformative insights into SOM dynamics—if network data are shared,
synthesized, and integrated. Here we seek to (1) highlight network strengths that provide complementary,
novel insights into SOM dynamics and (2) articulate opportunities to maximize network contributions to
advance understanding and prediction of SOM stocks and ﬂuxes.
2. SOM Insights From Research and Observation Networks
Coordinated data collection and modeling are needed to accurately understand and project SOM trajectories
in response to environmental change (Knapp et al., 2012; Y. Luo et al., 2016; Vereecken et al., 2016). Despite
the outsized signiﬁcance of SOM in understanding global carbon budgets, this coordination is often lacking.
Figure 1. Conceptual model of network foci and their overlapping interests in soil organic matter (SOM), with multiscale
controls on SOM dynamics on top and cross‐scale impacts of advances in SOM understanding and prediction beneath.
LTER is the Long‐Term Ecological Research network, CZO is the Critical Zone Observatory network (CZ is the critical
zone), and NEON is the National Ecological Observatory Network.
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The problem is exacerbated by the heterogeneity of different mechanisms responsible for SOM persistence at
different scales (Figure 1; Hinckley et al., 2014; O'Rourke et al., 2015). For example, at the pore scale, SOM
dynamics are controlled by physicochemical processes such as mineral sorption, aggregation, and redox con-
ditions (Chen et al., 2014; Keiluweit et al., 2017; Six et al., 2002; Von Lützow et al., 2008; Yan et al., 2016), as
well as biotic processes such as microbial substrate use efﬁciency (Manzoni et al., 2012) and root activity
(Keiluweit et al., 2015). At broader scales, other factors regulate SOM, including parent material and land
use at pedon scales (Catoni et al., 2016; Guo & Gifford, 2002; Post & Kwon, 2000; Wagai et al., 2008), vegeta-
tion, topography and erosion at landscape scales (Ritchie et al., 2007; X. Wang et al., 2014), and primary pro-
duction and climate at continental to global scales (Koven et al., 2017; Figure 1). SOM conceptual and
numerical frameworks thus require expert knowledge and data from across the biogeosciences, as well as
synthesis of observations and insights from particles to biomes. Numerical models are beginning to include
more realistic representations of physical, chemical, and biotic processes across scales (e.g., soil physical pro-
tection and microbe‐SOM interactions; sensu Abramoff et al., 2018; Sulman et al., 2014; Tang & Riley, 2015;
G. Wang et al., 2015; Wieder, Grandy, et al., 2015), yet challenges remain. Diverse multicompartment data
sets spanning spatiotemporal scales are thus needed to help develop, calibrate, and validate mechanistically
accurate, cross‐scale models (Y. Luo et al., 2016; Sulman et al., 2018; Wieder, Allison, et al., 2015). Here the
networks can make a substantial contribution.
A key role of the LTER network is to provide an ecological context for SOM dynamics. Results from this net-
work demonstrate how biotic properties (biodiversity, productivity, and succession) interact with physical
conditions and disturbances to inﬂuence soil C and nutrient cycling over time (Hinckley et al., 2016;
Richter et al., 2018). For instance, research at LTER sites has demonstrated the importance of forest age
(Fahey et al., 2005), forest type (Crow et al., 2009), and biotic interactions (Crowther et al., 2015) in driving
storage capacity and forms of SOM. While they excel in providing long‐term observations in a diversity of
ecosystems (28 locations covering most major biomes), many LTER sites concurrently maintain long‐
running manipulative experiments. These provide critical insights into how changes in biodiversity
(Fornara & Tilman, 2008), nutrient enrichment (Frey et al., 2014; Riggs et al., 2015), agricultural manage-
ment (Grandy & Robertson, 2007), and climate change (Melillo et al., 2017) alter SOM pools and ﬂuxes.
Such experiments provide much‐needed opportunity to investigate possible unexpected, dramatic SOM
responses in particular ecosystems and improve our ability to model them, given that, even when soil models
match observations at steady‐state or in the past, they often diverge under future conditions (Z. Luo et al.,
2015; Sulman et al., 2018). Synthesizing results from perturbation experiments and integrating them into
the formation and testing of SOM models are thus key needs (Knapp et al., 2012; Luo et al., 2016), and
LTER data can play a central role.
The CZO program is ideally suited to elucidate geologic and landscape controls on SOM as well as the role of
soil hydrologic and geochemical traits. For example, clay content has been used as a proxy for SOM stabili-
zation in models for years, yet recent work led by CZO investigators underscores the limits of this approach
and the need to better understand and represent integrated soil geochemical controls (Rasmussen et al.,
2018). CZO researchers are poised to lead in this area (Heckman et al., 2013; Olshansky et al., 2018), and
novel data sets from advanced near‐surface geophysical methods and new analytical techniques, combined
with unifying conceptual frameworks surrounding hydrologic effects on soil C retention and loss, represent
potentially transformative avenues of inquiry. At the landscape scale, SOM process understanding remains
limited (O'Rourke et al., 2015). This is an area where CZO data have contributed new insights into SOM ero-
sion and deposition (Dialynas et al., 2016; Stacy et al., 2015) and land‐water connectivity (Andrews et al.,
2011). CZO research integrates across wide temporal scales, from hydrologic responses in seconds to years
versus soil weathering and landscape evolution over millennia (Heidari et al., 2017; McIntosh et al., 2017;
Riebe et al., 2017). Improved characterization of weathering and erosion rates and associated soil and water
residence times can be used to help benchmark rates of change observed in SOMmodels. Because the critical
zone, by deﬁnition, extends to the bedrock, CZO sites have and will continue to contribute to SOM insights
at depth (Mobley et al., 2015). This is critical given tremendous C pools stored in the subsurface and increas-
ing recognition of the need for vertical resolution in soil C models (Koven et al., 2013).
NEON will enable robust detection of ecosystem change across edaphic and climatic gradients using stan-
dardized observations, sensor measurements, and remote sensing. NEON sites monitor SOM along with
continuous soil moisture, temperature, and CO2 ﬂuxes, offering the ability to link soil physical conditions
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with C dynamics and test assumed linkages applied in many soil modeling approaches (e.g., pedotransfer
functions; Van Looy et al., 2017). NEON offers a unique airborne platform that will facilitate scaling of eco-
logical and critical zone processes from the pedon to the landscape scale across different eco‐climatic
domains. For example, high‐resolution Light Detection and Ranging (LiDAR) and hyperspectral data can
be leveraged to develop new methods for indirect remote sensing of SOM via related ecosystem parameters
(Dutta et al., 2015; Mondal et al., 2017). At the other end of the spectrum, NEON is contributing a suite of
detailed soil microbial data, including biomass, marker genes, and metagenomic analyses. While the utility
of “‐omics” data for SOM models is a topic of active debate (Bailey et al., 2017), microbial community traits
and life history strategies (rather than community composition per se) are likely to play an instrumental role
in fate and stabilization of SOM (Allison, 2012; Fierer et al., 2007; Schimel & Schaeffer, 2012). Innovative
approaches for distilling aggregated community traits using metagenomics (sensu Fierer et al., 2014; Leff
et al., 2015) may help provide proxies for physiological traits being incorporated into SOM models, such
as microbial growth rate, dormancy, and stress tolerance (Georgiou et al., 2017; William R. Wieder,
Grandy, et al., 2015). Microbial data from NEON have strong potential to aid in this front.
Taken together, the networks' observational breadth crossing spatiotemporal scales as well as biotic, chemi-
cal, and physical gradients can yield novel insights into SOM processes, with implications that span basic
research to management and policy making (Figure 1). Moreover, because all of these networks include a
long‐term monitoring component, they have the potential to shed light on changing SOM dynamics over
time with variations in climate, disturbance, and other ecosystem changes (Melillo et al., 2017). This remains
a key uncertainty in biogeochemical model projections (Sulman et al., 2018; Tian et al., 2015; Todd‐Brown
et al., 2014; Wieder et al., 2018). The networks can also facilitate an improved understanding and predictive
capacity of SOM heterogeneity within sites or watersheds, where broad‐scale state factor variation intersects
with local‐scale variation in soil, organisms, and land surface properties (Bradford et al., 2017). Watershed‐
scale hydrochemical models have included SOM processes, which will assist such understanding (Bao et al.,
2017; Li et al., 2017). However, the complementary synergies will only emerge with a concerted effort to pre-
serve, share, and leverage network data.
3. Opportunities for Maximizing Network Contributions
While there are many possible beneﬁts to leveraging network data to advance SOM conceptual and numer-
ical models, several important challenges remain. Operationally, the lack of standardized terminology, data
collection protocols, and data management strategies makes it difﬁcult to synthesize across networks and
integrate cross‐disciplinary data sets and ﬁndings. Intellectually, it is challenging to unify across scales
and ecosystem compartments when applying ﬁndings to models (Davidson et al., 2014; Hinckley et al.,
2014; O'Rourke et al., 2015). The potential for cross‐network collaboration may be hindered when research-
ers view the same processes through different disciplinary lenses (Richter et al., 2018). Even so, these chal-
lenges are surmountable, and we recommend several concrete strategies to catalyze transformative SOM
insights from research and observatory network efforts.
First, the networks should mandate and support data dissemination and sharing to facilitate more rapid
hypothesis generation, testing, and reﬁnement. SOM data sets should be provisioned in reusable and trace-
able formats with sufﬁcient metadata to allow others to address questions spanning temporal, spatial, cli-
mate, land use, and other gradients. NEON has an advantage here because it was designed as a network
of sites with a suite of common measurements, compared to the other investigator‐driven networks. LTER
has been requiring data sharing for some years and has made signiﬁcant progress on metadata and data
quality. CZO is much younger, and metadata standards have been proposed but not yet universally adopted.
Support is needed so that data managers from the networks can create efﬁcient pathways to coordinate data
management and dissemination activities, and investigators should consult with them during the data dis-
semination phase to ensure pathways are working. Adherence to the Findable, Accessible, Interoperable,
Reusable (FAIR) data principles would further enhance data discoverability, especially by automated
mechanisms (Wilkinson et al., 2016), as would publication in easily accessible repositories such as those that
are member nodes of DataONE. Publicly available, cross‐network data sets can then be used to help bench-
mark speciﬁc models or processes at speciﬁc sites (e.g., Collier et al., 2018; Vereecken et al., 2016). For
instance, where available, radiocarbon data can be used to constrain the age of pools and ﬂuxes of SOM
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(He et al., 2016), while isotope tracers can shed light on the partitioning of new C inputs into free versus pro-
tected fractions (Cotrufo et al., 2015). Such data sets would be very useful in evaluating structural uncer-
tainty among different SOM models (Sierra et al., 2018; Sulman et al., 2018; Wieder et al., 2018). As such,
network SOM data must be discoverable in order to maximize utility beyond the initial data collection effort.
Enhanced data dissemination has been shown to beneﬁt both scientiﬁc discovery and the researchers who
share data in the eddy covariance ﬂux community (Dai et al., 2018). The same will apply for SOM.
Second, the networks should agree to a minimum set of baseline SOM measurements that will allow inter-
comparison of data and results. This should start with measurement of total organic carbon and nitrogen
and bulk density (including coarse fragment) across site‐speciﬁc gradients and with time. Then, networks
could add other measurements based on their disciplinary interests (fractions, aggregates, roots, metals,
pH, microbial community composition, etc.). Insights from the CZO network could help other networks
design protocols for sampling deeper soil depths and considering lateral movement, while the LTER net-
work can provide guidance on protocols and manipulative experiments aimed at capturing effects of biotic
interactions, land use history, and disturbance.
Third, the networks should go beyond data sharing to promote active collaborations between empiricists and
SOMmodelers (Knapp et al., 2012), such that monitoring and experiments are explicitly designed to evaluate
model assumptions and models are used to help rule out or conﬁrm mechanisms. Several notable efforts to
link data collection, data harmonization, andmodeling are ongoing, including the International Soil Carbon
Network, the International Soil Modeling Consortium, the Community Surface Dynamics Modeling System,
and International Soil Radiocarbon Database. These (and others) can provide deﬁned pathways for data col-
lection to advance theoretical understanding and numerical modeling. Collaborative codesign of campaigns
to collect empirical data and to develop and test models can serve to bridge these communities but requires
investment in new and innovative ways of training students and postdocs to be successful. A movement of
funding agencies toward “convergent science”may provide opportunities and infrastructure to bring mode-
lers and empiricists together.
Lastly, the networks should be test beds for developing new tools, data collection techniques, and models
that are particularly promising for improved understanding of SOM dynamics. Examples include the
increasing popularity of multiscale geophysical techniques for investigating the shallow subsurface in the
CZO network (Parsekian et al., 2015) and the broad application of airborne LiDAR and hyperspectral remote
sensing techniques at NEON (Weinstein et al., 2019). Moreover, there are likely to be data‐rich nodes within
the networks that provide opportunities to prototype cross‐disciplinary syntheses. The Reynolds Creek
Experimental Watershed and CZO site, for example, has data sets that include airborne waveform LiDAR,
hyperspectral and geophysical data (Ilangakoon et al., 2018; Mitchell et al., 2015), eddy ﬂux measurements
(Fellows et al., 2018), long‐term and high‐resolution surface climate data (Kormos et al., 2018), landscape‐
scale SOM and soil inorganic carbon surveys (Stanbery et al., 2017; Will et al., 2017), and detrital input
and removal experiments (Lajtha et al., 2018). These data provide unprecedented opportunities to constrain
existing models and develop new ones surrounding multiscale controls on SOM. Within‐site synthesis at
data‐rich nodes can also allow for evaluation of the relative importance of different parameters, potentially
informing cross‐network data collection activities, modeling experiments, and/or coordinated
ﬁeld campaigns.
Although we focus here primarily on U.S.‐based ecosystem and CZO networks, we acknowledge that similar
networks exist around the globe, and those networks should also be encouraged to collaborate on SOM
research and modeling. The International LTER network includes 44 active member networks representing
700 sites across the globe (Mirtl et al., 2018), with variation ranging from highly intensive NEON‐like cen-
tralizedmonitoring efforts such as TERENO in Germany (Bogena, 2016) to much less intensive and informal
groups of sites. Likewise, international networks of CZOs provide immense opportunities to evaluate SOM
dynamics along global‐scale gradients of environmental change (Banwart et al., 2013).
4. Conclusions
SOM is a key ecosystem property and serves as a point of intersection among data‐rich environmental
research and observation networks. We can fully leverage network data to improve SOM process under-
standing and predictions by making it discoverable, comparable, and more tightly coordinated with
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modeling efforts. One limitation of relying on the networks is that a natural gradients approach will not
always allow us to attribute variation to particular mechanisms. Nevertheless, the networks can accelerate
advances in SOM understanding across scales and ecosystems by maintaining open and accessible data sets,
taking note of opportunities for targeted experiments and campaigns, promoting close linkages between data
collection and modeling efforts (Baatz et al., 2018), and developing mechanisms to facilitate collaboration
and inclusivity among researchers.
References
Abramoff, R., Xu, X., Hartman, M., O'Brien, S., Feng, W., Davidson, E., et al. (2018). The millennial model: In search of measurable pools
and transformations for modeling soil carbon in the new century. Biogeochemistry, 137(1–2), 51–71. https://doi.org/10.1007/s10533‐017‐
0409‐7
Adhikari, K., & Hartemink, A. E. (2016). Linking soils to ecosystem services—A global review. Geoderma, 262, 101–111. https://doi.org/
10.1016/j.geoderma.2015.08.009
Allison, S. (2012). A trait‐based approach for modelling microbial litter decomposition. Ecology Letters, 15(9), 1058–1070. https://doi.org/
10.1111/j.1461‐0248.2012.01807.x
Andrews, D. M., Lin, H., Zhu, Q., Jin, L., & Brantley, S. L. (2011). Hot spots and hot moments of dissolved organic carbon export and soil
organic carbon storage in the Shale Hills Catchment. Vadose Zone Journal, 10(3), 943. https://doi.org/10.2136/vzj2010.0149
Baatz, R., Sullivan, P. L., Li, L., Weintraub, S. R., Loescher, H. W., Mirtl, M., et al. (2018). Steering operational synergies in terrestrial
observation networks: Opportunity for advancing Earth system dynamics modelling. Earth System Dynamics, 9(2), 593–609. https://doi.
org/10.5194/esd‐9‐593‐2018
Bailey, V. L., Bond‐Lamberty, B., DeAngelis, K., Grandy, A. S., Hawkes, C. V., Heckman, K., et al. (2017). Soil carbon cycling proxies:
Understanding their critical role in predicting climate change feedbacks. Global Change Biology, (September 2017), 24, 895–905. https://
doi.org/10.1111/gcb.13926
Bao, C., Li, L., Shi, Y., & Duffy, C. (2017). Understanding watershed hydrogeochemistry: 1. Development of RT‐Flux‐PIHM. Water
Resources Research, 53, 2328–2345. https://doi.org/10.1002/2016WR018934
Banwart, S. A., Chorover, J., Gaillardet, J., Sparks, D., White, T., Aderson, S., et al. (2013). Sustaining Earth ’ s Critical Zone Basic Science
and Interdisciplinary Solutions for Global Challenges. United Kingdom: The University of Shefﬁeld.
Bogena, H. R. (2016). TERENO: German network of terrestrial environmental observatories. Journal of Large‐Scale Research Facilities
JLSRF, 2, 52. https://doi.org/10.17815/jlsrf‐2‐98
Bradford, M. A., Veen, G. F., Bonis, A., Bradford, E. M., Classen, A. T., Cornelissen, J. H. C., et al. (2017). A test of the hierarchical model of
litter decomposition. Nature Ecology & Evolution, 1(12), 1836–1845. https://doi.org/10.1038/s41559‐017‐0367‐4
Campbell, E. E., & Paustian, K. (2015). Current developments in soil organic matter modeling and the expansion of model applications: A
review. Environmental Research Letters, 10(12). https://doi.org/10.1088/1748‐9326/10/12/123004
Catoni, M., D'Amico, M. E., Zanini, E., & Bonifacio, E. (2016). Effect of pedogenic processes and formation factors on organic matter sta-
bilization in alpine forest soils. Geoderma, 263, 151–160. https://doi.org/10.1016/j.geoderma.2015.09.005
Chen, C., Dynes, J. J., Wang, J., Karunakaran, C., & Sparks, D. L. (2014). Soft X‐ray Spectromicroscopy study of mineral‐organic matter
associations in pasture soil clay fractions. Environmental Science & Technology, 48(12), 6678–6686. https://doi.org/10.1021/es405485a
Collier, N., Hoffman, F. M., Lawrence, D. M., Keppel‐Aleks, G., Koven, C. D., Riley, W. J., et al. (2018). The International Land Model
Benchmarking (ILAMB) system: Design, theory, and implementation. Journal of Advances in Modeling Earth Systems., 10, 2731–2754.
https://doi.org/10.1029/2018MS001354
Cotrufo, M. F., Soong, J. L., Horton, A. J., Campbell, E. E., Haddix, M. L., Wall, D. H., & Parton, W. J. (2015). Formation of soil
organic matter via biochemical and physical pathways of litter mass loss. Nature Geoscience, 8(10), 776–779. https://doi.org/10.1038/
ngeo2520
Crow, S. E., Lajtha, K., Filley, T. R., Swanston, C. W., Bowden, R. D., & Caldwell, B. A. (2009). Sources of plant‐derived carbon and stability
of organic matter in soil: Implications for global change. Global Change Biology, 15(8), 2003–2019. https://doi.org/10.1111/j.1365‐
2486.2009.01850.x
Crowther, T. W., Thomas, S. M., Maynard, D. S., Baldrian, P., Covey, K., Frey, S. D., et al. (2015). Biotic interactions mediate soil microbial
feedbacks to climate change. Proceedings of the National Academy of Sciences, 112(22), 7033–7038. https://doi.org/10.1073/
pnas.1502956112
Dai, S.‐Q., Li, H., Xiong, J., Ma, J., Guo, H.‐Q., Xiao, X., & Zhao, B. (2018). Assessing the extent and impact of online data sharing in eddy
covariance ﬂux research. Journal of Geophysical Research: Biogeosciences, 123, 129–137. https://doi.org/10.1002/2017JG004277
Davidson, E. A., & Janssens, I. A. (2006). Temperature sensitivity of soil carbon decomposition and feedbacks to climate change. Nature,
440(7081), 165–173. https://doi.org/10.1038/nature04514
Davidson, E. A., Savage, K. E., & Finzi, A. C. (2014). A big‐microsite framework for soil carbon modeling. Global Change Biology, 20(12),
3610–3620. https://doi.org/10.1111/gcb.12718
Dialynas, Y. G., Bastola, S., Bras, R. L., Billings, S. A., Markewitz, D., & Richter, D. d B. (2016). Topographic variability and the inﬂuence of
soil erosion on the carbon cycle. Global Biogeochemical Cycles, 30, 644–660. https://doi.org/10.1002/2015GB005302
Dutta, D., Goodwell, A. E., Kumar, P., Garvey, J. E., Darmody, R. G., Berretta, D. P., & Greenberg, J. A. (2015). On the feasibility of char-
acterizing soil properties from AVIRIS data. IEEE Transactions on Geoscience and Remote Sensing, 53(9), 5133–5147. https://doi.org/
10.1109/TGRS.2015.2417547
Fahey, T. J., Siccama, T. G., Driscoll, C. T., Likens, G. E., Campbell, J., Johnson, C. E., et al. (2005). The biogeochemistry of carbon at
Hubbard Brook. Biogeochemistry, 75(1), 109–176. https://doi.org/10.1007/s10533‐004‐6321‐y
Fellows, A. W., Flerchinger, G. N., Seyfried, M. S., Lohse, K. A., & Patton, N. R. (2018). Controls on gross production in an aspen‐sagebrush
vegetation mosaic. Ecohydrology, 12(1), e2046. Retrieved from https://doi.org/10.1002/eco.2046
Fierer, N., Albert, B., & Laughlin, D. C. (2014). Seeing the forest for the genes: Using metagenomics to infer the aggregated traits of
microbial communities. Frontiers in Microbiology, 5(NOV), 1–6. https://doi.org/10.3389/fmicb.2014.00614
Fierer, N., Bradford, M. A., & Jackson, R. B. (2007). Toward an ecological classiﬁcation of soil bacteria. Ecology, 88(6), 1354–1364. https://
doi.org/10.1890/05‐1839
10.1029/2018JG004956Journal of Geophysical Research: Biogeosciences
WEINTRAUB ET AL. 6
Acknowledgments
The ideas in this manuscript emerged
from a CZO‐LTER‐NEON‐ISMC
meeting titled Using Observation
Networks to Advance Earth System
Understanding: State of the Art,
Data‐Model Integration, and Frontiers,
held in Boulder CO in February 2018.
Approximately 50 participants
representing U.S. and international
networks convened to discuss cross‐
network science. The authors thank all
of them for the interesting discussions
and insights. The authors also
acknowledge the National Science
Foundation for providing funding for
the meeting under awards ICER‐
1445246, DBI‐1649997, and DEB‐
1550875.
Fornara, D. A., & Tilman, D. (2008). Plant functional composition inﬂuences rates of soil carbon and nitrogen accumulation. Journal of
Ecology, 96(2), 314–322. https://doi.org/10.1111/j.1365‐2745.2007.01345.x
Frey, S. D., Ollinger, S., Nadelhoffer, K., Bowden, R., Brzostek, E., Burton, A., et al. (2014). Chronic nitrogen additions suppress
decomposition and sequester soil carbon in temperate forests. Biogeochemistry, 121(2), 305–316. https://doi.org/10.1007/s10533‐014‐
0004‐0
Georgiou, K., Abramoff, R. Z., Harte, J., Riley, W. J., & Torn, M. S. (2017). Microbial community‐level regulation explains soil carbon
responses to long‐term litter manipulations. Nature Communications, 8(1). https://doi.org/10.1038/s41467‐017‐01116‐z
Grandy, A. S., & Robertson, G. P. (2007). Land‐use intensity effects on soil organic carbon accumulation rates andmechanisms. Ecosystems,
10(1), 59–74. https://doi.org/10.1007/s10021‐006‐9010‐y
Guo, L. B., & Gifford, R. M. (2002). Soil carbon stocks and land use change: A meta analysis. Global Change Biology, 8(4), 345–360. https://
doi.org/10.1046/j.1354‐1013.2002.00486.x
Harden, J. W., Hugelius, G., Ahlström, A., Blankinship, J. C., Bond‐Lamberty, B., Lawrence, C. R., et al. (2018). Networking our science to
characterize the state, vulnerabilities, and management opportunities of soil organic matter. Global Change Biology, 24(2), e705–e718.
https://doi.org/10.1111/gcb.13896
He, Y., Trumbore, S. E., Torn, M. S., Harden, J. W., Vaughn, L. J. S., Allison, S. D., & Randerson, J. T. (2016). Radiocarbon constraints imply
reduced carbon uptake by soils during the 21st century. Science, 353(6306), 1419–1424. https://doi.org/10.1126/science.aad4273
Heckman, K., Grandy, A. S., Gao, X., Keiluweit, M., Wickings, K., Carpenter, K., et al. (2013). Sorptive fractionation of organic matter and
formation of organo‐hydroxy‐aluminum complexes during litter biodegradation in the presence of gibbsite.Geochimica et Cosmochimica
Acta, 121, 667–683. https://doi.org/10.1016/J.GCA.2013.07.043
Heidari, P., Li, L., Jin, L., Williams, J. Z., & Brantley, S. L. (2017). A reactive transport model for Marcellus shale weathering. Geochimica et
Cosmochimica Acta, 217, 421–440. https://doi.org/10.1016/j.gca.2017.08.011
Hinckley, E. L. S., Anderson, S. P., Baron, J. S., Blanken, P. D., Bonan, G. B., Bowman, W. D., et al. (2016). Optimizing available network
resources to address questions in environmental biogeochemistry. Bioscience, 66(4), 317–326. https://doi.org/10.1093/biosci/biw005
Hinckley, E. L. S., Wieder, W., Fierer, N., & Paul, E. (2014). Digging into the world beneath our feet: Bridging across scales in the age of
global change. Eos, 95(11), 96–97. https://doi.org/10.1002/2014EO110004
Ilangakoon, N. T., Glenn, N. F., Dashti, H., Painter, T. H., Mikesell, T. D., Spaete, L. P., et al. (2018). Constraining plant functional types in a
semi‐arid ecosystem with waveform lidar. Remote Sensing of Environment, 209, 497–509. Retrieved from http://www.sciencedirect.com/
science/article/pii/S0034425718300828, https://doi.org/10.1016/j.rse.2018.02.070
Jackson, R. B., Lajtha, K., Crow, S. E., Hugelius, G., Kramer, M. G., & Piñeiro, G. (2017). The ecology of soil carbon: Pools, vulnerabilities,
and biotic and abiotic controls. Annual Review of Ecology, Evolution, and Systematics, 48(1), 419–445. https://doi.org/10.1146/annurev‐
ecolsys‐112414‐054234
Keiluweit, M., Bougoure, J. J., Nico, P. S., Pett‐Ridge, J., Weber, P. K., & Kleber, M. (2015). Mineral protection of soil carbon counteracted by
root exudates. Nature Climate Change, 5(6), 588–595. https://doi.org/10.1038/nclimate2580
Keiluweit, M., Wanzek, T., Kleber, M., Nico, P., & Fendorf, S. (2017). Anaerobic microsites have an unaccounted role in soil carbon sta-
bilization. Nature Communications, 8(1). https://doi.org/10.1038/s41467‐017‐01406‐6
Knapp, A. K., Smith, M. D., Hobbie, S. E., Collins, S. L., Fahey, T. J., Hansen, G. J. A., et al. (2012). Past, present, and future roles of long‐
term experiments in the LTER Network. Bioscience, 62(4), 377–389. https://doi.org/10.1525/bio.2012.62.4.9
Kormos, P. R., Marks, D. G., Seyfried, M. S., Havens, S. C., Hedrick, A., Lohse, K. A., et al. (2018). 31 years of hourly spatially distributed air
temperature, humidity, and precipitation amount and phase from Reynolds Critical Zone Observatory. Earth System Science Data, 10(2),
1197–1205. Retrieved from https://www.earth‐syst‐sci‐data.net/10/1197/2018/essd‐10‐1197‐2018.pdf, https://doi.org/10.5194/essd‐10‐
1197‐2018
Koven, C. D., Hugelius, G., Lawrence, D. M., & Wieder, W. R. (2017). Higher climatological temperature sensitivity of soil carbon in cold
than warm climates. Nature Climate Change, 7(11), 817–822. https://doi.org/10.1038/nclimate3421
Koven, C. D., Riley, W. J., Subin, Z. M., Tang, J. Y., Torn, M. S., Collins, W. D., et al. (2013). The effect of vertically resolved soil biogeo-
chemistry and alternate soil C and N models on C dynamics of CLM4. Biogeosciences, 10(11), 7109–7131. https://doi.org/10.5194/bg‐10‐
7109‐2013
Lajtha, K., Bowden, R. D., Crow, S., Fekete, I., Kotroczó, Z., Plante, A., et al. (2018). The detrital input and removal treatment (DIRT)
network: Insights into soil carbon stabilization. Science of the Total Environment, 640–641, 1112–1120. Retrieved from http://www.
sciencedirect.com/science/article/pii/S004896971832045X
Lal, R. (2016). Soil health and carbon management. Food and Energy Security, 5(4), 212–222. https://doi.org/10.1002/fes3.96
Leff, J. W., Jones, S. E., Prober, S. M., Barberán, A., Borer, E. T., Firn, J. L., et al. (2015). Consistent responses of soil microbial communities
to elevated nutrient inputs in grasslands across the globe. Proceedings of the National Academy of Sciences of the United States of America,
112(35), 10,967–10,972. https://doi.org/10.1073/pnas.1508382112
Lehmann, J., & Kleber, M. (2015). The contentious nature of soil organic matter. Nature, 528(7580), 60. https://doi.org/10.1038/
nature16069
Li, L., Maher, K., Navarre‐Sitchler, A., Druhan, J., Meile, C., Lawrence, C., et al. (2017). Expanding the role of reactive transport models in
critical zone processes. Earth‐Science Reviews, 165, 280–301. https://doi.org/10.1016/j.earscirev.2016.09.001
Luo, Y., Ahlström, A., Allison, S. D., Batjes, N. H., Brovkin, V., Carvalhais, N., et al. (2016). Toward more realistic projections of soil carbon
dynamic by Earth system models. Global Biogeochemical Cycles, 30, 40–56. https://doi.org/10.1002/2015GB005239.Received
Luo, Z., Wang, E., Zheng, H., Baldock, J. A., Sun, O. J., & Shao, Q. (2015). Convergent modelling of past soil organic carbon stocks but
divergent projections. Biogeosciences, 12(14), 4373–4383. https://doi.org/10.5194/bg‐12‐4373‐2015
Manzoni, S., Taylor, P., Richter, A., Porporato, A., & Ågren, G. I. (2012). Environmental and stoichiometric controls on microbial carbon‐
use efﬁciency in soils. New Phytologist, 196(1), 79–91. https://doi.org/10.1111/j.1469‐8137.2012.04225.x
McIntosh, J. C., Schaumberg, C., Perdrial, J., Harpold, A., Vázquez‐Ortega, A., Rasmussen, C., et al. (2017). Geochemical evolution of the
critical zone across variable time scales informs concentration‐discharge relationships: Jemez River Basin Critical Zone Observatory.
Water Resources Research, 53, 4169–4196. https://doi.org/10.1002/2016WR019712
Melillo, J. M., Frey, S. D., Deangelis, K. M., Werner, W. J., Bernard, M. J., Bowles, F. P., et al. (2017). Long‐term pattern and mag-
nitude of soil carbon feedback to the climate system in a warming world. Science, 358(6359), 101–105. https://doi.org/10.1126/
science.aan2874
Mirtl, M., Borer, E. T., Djukic, I., Forsius, M., Haubold, H., Hugo, W., et al. (2018). Genesis, goals and achievements of Long‐Term
Ecological Research at the global scale: A critical review of ILTER and future directions. Science of the Total Environment, 626,
1439–1462. https://doi.org/10.1016/J.SCITOTENV.2017.12.001
10.1029/2018JG004956Journal of Geophysical Research: Biogeosciences
WEINTRAUB ET AL. 7
Mitchell, J. J., Shrestha, R., Spaete, L. P., & Glenn, N. F. (2015). Combining airborne hyperspectral and LiDAR data across local sites for
upscaling shrubland structural information: Lessons for HyspIRI. Remote Sensing of Environment, 167, 98–110. Retrieved from
http://www.sciencedirect.com/science/article/pii/S0034425715001443, https://doi.org/10.1016/j.rse.2015.04.015
Mobley, M. L., Lajtha, K., Kramer, M. G., Bacon, A. R., Heine, P. R., & Richter, D. D. (2015). Surﬁcial gains and subsoil losses of soil carbon
and nitrogen during secondary forest development. Global Change Biology, 21(2), 986–996. https://doi.org/10.1111/gcb.12715
Mondal, A., Khare, D., Kundu, S., Mondal, S., Mukherjee, S., & Mukhopadhyay, A. (2017). Spatial soil organic carbon (SOC) prediction by
regression kriging using remote sensing data. The Egyptian Journal of Remote Sensing and Space Science, 20(1), 61–70. https://doi.org/
10.1016/J.EJRS.2016.06.004
Olshansky, Y., Root, R. A., & Chorover, J. (2018). Wet–dry cycles impact DOM retention in subsurface soils. Biogeosciences, 15(3), 821–832.
https://doi.org/10.5194/bg‐15‐821‐2018
O'Rourke, S. M., Angers, D. A., Holden, N. M., & Mcbratney, A. B. (2015). Soil organic carbon across scales. Global Change Biology, 21(10),
3561–3574. https://doi.org/10.1111/gcb.12959
Parsekian, A. D., Singha, K., Minsley, B. J., Holbrook, W. S., & Slater, L. (2015). Multiscale geophysical imaging of the critical zone. Reviews
of Geophysics, 53, 1–26. Retrieved from https://doi.org/10.1002/2014RG000465
Post, W. M., & Kwon, K. C. (2000). Soil carbon sequestration and land‐use change: Processes and potential. Global Change Biology, 6(3),
317–327. https://doi.org/10.1046/j.1365‐2486.2000.00308.x
Rasmussen, C., Heckman, K., Wieder, W. R., Keiluweit, M., Lawrence, C. R., Berhe, A. A., et al. (2018). Beyond clay: Towards an
improved set of variables for predicting soil organic matter content. Biogeochemistry, 137(3), 297–306. https://doi.org/10.1007/s10533‐
018‐0424‐3
Richter, D. D., Billings, S. A., Groffman, P. M., Kelly, E. F., Lohse, K. A., Mcdowell, W. H., et al. (2018). Elevating the biogeosciences within
environmental research networks. Biogeosciences Discussions, 5194(February), 1–34. https://doi.org/10.5194/bg‐2018‐67
Riebe, C. S., Hahm, W. J., & Brantley, S. L. (2017). Controls on deep critical zone architecture: A historical review and four testable
hypotheses. Earth Surface Processes and Landforms, 42(1), 128–156. https://doi.org/10.1002/esp.4052
Riggs, C. E., Hobbie, S. E., Bach, E. M., Hofmockel, K. S., & Kazanski, C. E. (2015). Nitrogen addition changes grassland soil organic matter
decomposition. Biogeochemistry, 125(2), 203–219. https://doi.org/10.1007/s10533‐015‐0123‐2
Ritchie, J. C., McCarty, G. W., Venteris, E. R., & Kaspar, T. C. (2007). Soil and soil organic carbon redistribution on the landscape.
Geomorphology, 89(1–2 SPEC. ISS.), 163–171. https://doi.org/10.1016/j.geomorph.2006.07.021
Schimel, J. P., & Schaeffer, S. M. (2012). Microbial control over carbon cycling in soil. Frontiers in Microbiology,
3(348). https://doi.org/10.3389/fmicb.2012.00348
Schmidt, M.W. I., Torn, M. S., Abiven, S., Dittmar, T., Guggenberger, G., Janssens, I. A., et al. (2011). Persistence of soil organic matter as an
ecosystem property. Nature, 478(7367), 49–56. https://doi.org/10.1038/nature10386
Sierra, C. A., Hoyt, A. M., He, Y., & Trumbore, S. E. (2018). Soil organic matter persistence as a stochastic process: Age and transit time
distributions of carbon in soils. Global Biogeochemical Cycles, 32, 1574–1588. https://doi.org/10.1029/2018GB005950
Six, J., Conant, R. T., Paul, E. A., & Paustian, K. (2002). Stabilization mechanisms of soil organic matter: Implications for C‐saturation of
soils. Plant and Soil, 241(2), 155–176. https://doi.org/10.1023/A:1016125726789
Stacy, E. M., Hart, S. C., Hunsaker, C. T., Johnson, D. W., & Berhe, A. A. (2015). Soil carbon and nitrogen erosion in forested catchments:
Implications for erosion‐induced terrestrial carbon sequestration. Biogeosciences, 12(16), 4861–4874. https://doi.org/10.5194/bg‐12‐4861‐
2015
Stanbery, C. A., Pierce, J. L., Benner, S. G., & Lohse, K. (2017). On the rocks: Quantifying storage of inorganic soil carbon on gravels and
determining pedon‐scale variability. Catena, 157, 436–442. Retrieved from http://www.sciencedirect.com/science/article/pii/
S0341816217302102, https://doi.org/10.1016/j.catena.2017.06.011
Sulman, B. N., Moore, J. A. M., Abramoff, R., Averill, C., Kivlin, S., Georgiou, K., et al. (2018). Multiple models and experiments underscore
large uncertainty in soil carbon dynamics. Biogeochemistry, 141(2), 109–123. https://doi.org/10.1007/s10533‐018‐0509‐z
Sulman, B. N., Phillips, R. P., Oishi, A. C., Shevliakova, E., & Pacala, S. W. (2014). Microbe‐driven turnover offsets mineral‐mediated sto-
rage of soil carbon under elevated CO2. Nature Climate Change, 4(12), 1099–1102. https://doi.org/10.1038/nclimate2436
Tang, J., & Riley, W. J. (2015). Weaker soil carbon‐climate feedbacks resulting from microbial and abiotic interactions. Nature Climate
Change, 5(1), 56–60. https://doi.org/10.1038/nclimate2438
Tian, H., Lu, C., Yang, J., Banger, K., Huntzinger, D. N., Schwalm, C. R., et al. (2015). Global patterns and controls of soil organic carbon
dynamics as simulated by multiple terrestrial biosphere models: Current status and future directions. Global Biogeochemical Cycles, 29,
775–792. https://doi.org/10.1002/2014GB005021
Todd‐Brown, K. E. O., Randerson, J. T., Hopkins, F., Arora, V., Hajima, T., Jones, C., et al. (2014). Changes in soil organic carbon storage
predicted by Earth system models during the 21st century. Biogeosciences, 11(8), 2341–2356. https://doi.org/10.5194/bg‐11‐2341‐2014
Van Looy, K., Bouma, J., Herbst, M., Koestel, J., Minasny, B., Mishra, U., et al. (2017). Pedotransfer functions in earth system science:
Challenges and perspectives. Reviews of Geophysics, 55, 1199–1256. https://doi.org/10.1002/2017RG000581
Vereecken, H., Schnepf, A., Hopmans, J. W., Javaux, M., Or, D., Roose, T., et al. (2016). Modeling soil processes: Review, key challenges,
and new perspectives. Vadose Zone Journal, 15(5), 0. https://doi.org/10.2136/vzj2015.09.0131
Von Lützow, M., Kögel‐Knabner, I., Ludwig, B., Matzner, E., Flessa, H., Ekschmitt, K., et al. (2008). Stabilization mechanisms of organic
matter in four temperate soils: Development and application of a conceptual model. Journal of Plant Nutrition and Soil Science, 171(1),
111–124. https://doi.org/10.1002/jpln.200700047
Wagai, R., Mayer, L. M., Kitayama, K., & Knicker, H. (2008). Climate and parent material controls on organic matter storage in surface
soils: A three‐pool, density‐separation approach. Geoderma, 147(1–2), 23–33. https://doi.org/10.1016/j.geoderma.2008.07.010
Wang, G., Jagadamma, S., Mayes, M. A., Schadt, C. W., Megan Steinweg, J., Gu, L., & Post, W. M. (2015). Microbial dormancy improves
development and experimental validation of ecosystem model. ISME Journal, 9(1), 226–237. https://doi.org/10.1038/ismej.2014.120
Wang, X., Cammeraat, E. L. H., Romeijn, P., & Kalbitz, K. (2014). Soil organic carbon redistribution by water erosion—The role of CO2
emissions for the carbon budget. PLoS ONE, 9(5), e96299. https://doi.org/10.1371/journal.pone.0096299
Weinstein, B., Marconi, S., Bohlman, S., Zare, A., &White, E. (2019). Individual tree‐crown detection in RGB imagery using self‐supervised
deep learning neural networks. BioRxiv, 532952. https://doi.org/10.1101/532952
Wieder, W. R., Allison, S. D., Davidson, E. A., Georgiou, K., Hararuk, O., He, Y., et al. (2015). Explicitly representing soil microbial pro-
cesses in Earth system models. Global Biogeochemical Cycles, 29, 1782–1800. https://doi.org/10.1002/2015GB005188
Wieder, W. R., Grandy, A. S., Kallenbach, C. M., Taylor, P. G., & Bonan, G. B. (2015). Representing life in the Earth system with soil
microbial functional traits in the MIMICS model. Geoscientiﬁc Model Development, 8(6), 1789–1808. https://doi.org/10.5194/gmd‐8‐
1789‐2015
10.1029/2018JG004956Journal of Geophysical Research: Biogeosciences
WEINTRAUB ET AL. 8
Wieder, W. R., Hartman, M. D., Sulman, B. N., Wang, Y. P., Koven, C. D., & Bonan, G. B. (2018). Carbon cycle conﬁdence and uncertainty:
Exploring variation among soil biogeochemical models. Global Change Biology, 24, 1563–1579. https://doi.org/10.1111/gcb.13979
Wilkinson, M. D., Dumontier, M., Aalbersberg, I. J., Appleton, G., Axton, M., Baak, A., et al. (2016). The FAIR guiding principles for
scientiﬁc data management and stewardship. Scientiﬁc Data, 3(160018). https://doi.org/10.1038/sdata.2016.18
Will, R. M., Benner, S., Glenn, N. F., Pierce, J., Lohse, K. A., Patton, N., et al. (2017). Reynolds Creek—A collection of near‐surface soil
organic carbon (SOC) maps, GIS/map data (2017). Retrieved from papers3://Publication/Uuid/2C710836‐272C‐48DD‐A303‐
1D8D3912D24A
Yan, Z., Liu, C., Todd‐Brown, K. E., Liu, Y., Bond‐Lamberty, B., & Bailey, V. L. (2016). Pore‐scale investigation on the response of het-
erotrophic respiration to moisture conditions in heterogeneous soils. Biogeochemistry, 131(1–2), 121–134. https://doi.org/10.1007/
s10533‐016‐0270‐0
10.1029/2018JG004956Journal of Geophysical Research: Biogeosciences
WEINTRAUB ET AL. 9
